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Abstract

Introduction: Many cancer survivors report cognitive problems following diagnosis and 

treatment. However, the clinical significance of patient-reported cognitive symptoms early in 

survivorship can be unclear. We used a machine learning approach to determine the association 

of persistent self-reported cognitive symptoms two years after diagnosis and neurocognitive test 

performance in a prospective cohort of older breast cancer survivors.

Materials and Methods: We enrolled breast cancer survivors with non-metastatic disease 

(n=435) and age- and education-matched non-cancer controls (n=441) between August 2010 

and December 2017 and followed until January 2020; we excluded women with neurological 

disease and all women passed a cognitive screen at enrollment. Women completed the FACT-Cog 

Perceived Cognitive Impairment (PCI) scale and neurocognitive tests of attention, processing 

speed, executive function, learning, memory and visuospatial ability, and timed activities of daily 

living assessments at enrollment (pre-systemic treatment) and annually to 24 months, for a total 

of 59 individual neurocognitive measures. We defined persistent self-reported cognitive decline as 

clinically meaningful decline (3.7+ points) on the PCI scale from enrollment to twelve months 

with persistence to 24 months. Analysis used four machine learning models based on data for 

change scores (baseline to twelve months) on the 59 neurocognitive measures and measures of 

depression, anxiety, and fatigue to determine a set of variables that distinguished the 24-month 

persistent cognitive decline group from non-cancer controls or from survivors without decline.

Results: The sample of survivors and controls ranged in age from were ages 60–89. Thirty-three 

percent of survivors had self-reported cognitive decline at twelve months and two-thirds continued 

to have persistent decline to 24 months (n=60). Least Absolute Shrinkage and Selection Operator 

(LASSO) models distinguished survivors with persistent self-reported declines from controls 

(AUC=0.736) and survivors without decline (n=147; AUC=0.744). The variables that separated 

groups were predominantly neurocognitive test performance change scores, including declines in 

list learning, verbal fluency, and attention measures.

Discussion: Machine learning may be useful to further our understanding of cancer-related 

cognitive decline. Our results suggest that persistent self-reported cognitive problems among older 
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women with breast cancer are associated with a constellation of mild neurocognitive changes 

warranting clinical attention.

Keywords

patient-reported outcomes; breast cancer; cancer-related cognitive decline; cancer-related cognitive 
impairment; machine learning; neuropsychology; self-reported cognition

Introduction

Cognitive problems are reported by up to half of breast cancer survivors following their 

diagnosis and treatment.1,2 These problems are commonly referred to as cancer-related 

cognitive decline (CRCD). Despite their frequency, the clinical significance of self-reported 

cognitive symptoms remains unclear.3 Part of the confusion is that there is no agreed 

upon standard for measuring CRCD. There are sound reasons to define CRCD based on 

neurocognitive test performance, while patient-reported measures are also employed with 

success.4,5 These considerations are further complicated by observations that self-reported 

cognitive problems do not always correspond to deficits on neurocognitive measures6 and 

conflicting reports about the extent to which self-reported cognitive problems are otherwise 

attributable to depression, anxiety, and fatigue.7,8 This uncertainty about the meaning of 

cognitive complaints may leave clinicians unsure as to the appropriate actions to take when 

their patients, especially older patients, have cognitive complaints.

In older non-cancer populations, self-reported cognitive symptoms can be predictors of 

future cognitive decline.5,9–11 However, CRCD does not fit the mold of more established 

neurocognitive disorders of older age like Parkinson’s or Alzheimer’s disease, which have 

a generally established onset, course, neuropathology, and pattern of cognitive impairment. 

CRCD tends to more subtle in terms of the magnitude of deficits and affects a broad range 

of cognitive domains.12,13 Therefore, researching CRCD using a “top-down” research frame 

of fitting data to preconceived models may have limited usefulness in defining clinically 

important cognitive problems. Machine learning uses a “bottom-up” approach, allowing the 

data to drive our understanding and offering an alternative for addressing the challenges in 

studying CRCD.14 Machine learning approaches have been applied with some success in 

identifying risk of cognitive decline in the setting of other neurocognitive disorders, but have 

not yet been used in the setting of CRCD.15,16

In this report, we used data from the large prospective Thinking and Living with Cancer 

(TLC) cohort of older breast cancer survivors and frequency-matched non-cancer controls 

to test the potential utility of machine learning to understand the clinical meaning of self-

reported cognitive problems. Among women with 24-month follow-up data, we describe 

how many survivors exhibit 12-month decline based on self-reported cognition, and 

whether that decline persists to 24 months. We then used machine learning to determine 

if changes in objective neurocognitive performance distinguish older survivors with self-

reported cognitive problems from survivors who do not report cognitive decline and from 

non-cancer controls. Our goal in this study was exploratory; we sought to discover if 

machine learning could reveal a pattern of neurocognitive decline that was associated with 
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self-reported cognitive decline. Identifying neurocognitive changes could help to clarify 

the significance of self-reported cognitive difficulties in clinical practice and signal which 

neuropsychological tests might be most sensitive to cancer-related cognitive problems 

particularly. This study is intended to illustrate the potential uses of machine learning 

approaches to inform clinical care of cancer survivors with CRCD and highlight areas for 

future focus.

Methods

Study Design and Sample

We conducted a secondary analysis using data from the TLC multi-site prospective study of 

older breast cancer survivors and frequency-matched non-cancer controls.17 All Institutional 

Review Boards approved the protocol (NCT03451383). We included participants recruited 

between August 1, 2010 and December 31, 2017 and followed until January 29, 2020; the 

study is ongoing. Eligible breast cancer survivors were 60 years of age or older, newly 

diagnosed with primary nonmetastatic breast cancer, and able to complete assessments in 

English. Women with a history of stroke, head injury, major axis I psychiatric disorders, and 

neurodegenerative disorders were excluded. We also excluded women with a prior history of 

cancer if active treatment occurred in the five years prior to enrollment or included systemic 

therapy. Non-cancer controls had the same exclusion criteria as survivors and included 

friend and community controls frequency-matched to survivors by age, race, education, and 

recruitment site.

Screening exclusions included scores of <24 on the Mini-Mental State Examination 

(MMSE)18 and/or <third grade equivalent reading level on the Wide Range Achievement 

Test, 4th edition (WRAT-4) Word Reading19 subtest. We excluded eight controls who scored 

>3 standard deviations (SD) above or below the control mean baseline neurocognitive 

scores adjusted for their age and education group. We also excluded data for survivors who 

experienced a recurrence (n=2) within six months prior to the evaluation. Participants were 

assessed at enrollment/baseline (post-surgery, pre-systemic therapy for survivors) and 12 and 

24 months later using an interviewer-administered structured survey with standardized scales 

and neurocognitive testing.

Measures

Self-reported cognitive functioning was measured using the Functional Assessment 

of Cancer Therapy-Cognition (FACT-Cog) Perceived Cognitive Impairment (PCI-18) 

subscale.20,21 Based on previous reports,22,23 we considered a clinically meaningful 

cognitive decline as a change of 0.5 SD from the non-cancer controls’ baseline to 12-month 

FACT-Cog PCI score; this was equivalent to a decline >3.7 points.

Neurocognitive data included 59 measures from objective neuropsychological tests 

and a test of Timed Instrumental Activities of Daily Living (TIADL).24–27 We also 

included factors that might affect cognitive symptoms in cancer survivors: the Center for 

Epidemiologic Studies-Depression Scale (CES-D)28 for depression symptoms; the State-

Trait Anxiety Inventory (STAI)29 state version for anxiety symptoms; and the FACT-Fatigue 
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(FACT-F).30 A total of 62 measures are all continuous and descriptively summarized in 

Supplementary Table 2.

Groups

Our primary group of interest was survivors with persistent declines on FACT-cog PCI 

scores (“persistent CRCD”). We first identified survivors who declined on the FACT-Cog 

PCI from pre-systemic therapy to twelve months (i.e., declined after completing adjuvant 

chemotherapy and/or starting hormone therapy). To exclude those experiencing transient 

symptoms or later recovery,31 we defined the persistent CRCD group as only those 

with sustained decline of >3.7 points on the PCI from pre-treatment to 24 months. The 

comparison groups were non-cancer controls and non-declining survivors.

Statistical Approach

Demographic and clinical characteristics of the survivor groups and non-cancer controls 

were compared using one-way ANOVA for continuous variables and chi-squared tests for 

categorical variables.

Defining the cognitive groups requires that women have FACT-Cog PCI scores at baseline 

and 12-month follow-up, which led missing data (n=85). Prior to analyses, we examined 

reasons for missing data. The majority of missing data were due to missing one follow-

up assessment but completing other later assessments (n=76), administrative/site-related 

losses (n=5), and death or drop-out (n=5). Women excluded from analyses due to missing 

data were similar to those included in sociodemographic, clinical, and psychosocial 

characteristics including baseline cognitive scores. There were minor differences between 

those included and missing, with survivors and controls with missing PCI data having 

significantly fewer years of education (15.4 vs. 14.2 years in survivors, 15.7 vs. 13.8 years 

in controls, p<.001, p<.001) than those included in the analyses (see Supplementary Section 

1). However, as we focus on the changes in neurocognitive and symptom variables, the 

impact of baseline difference may be less meaningful. The differences in changes among 

neurocognitive and symptom variables between those included and missing are further 

discussed in Supplementary Section 1. In this work, we assume the missing data mechanism 

is either missing at random or missing completely at random where the completely case only 

analysis does not lead to biased estimation.32

Machine learning approaches were used to distinguish persistent CRCD (n=60) from (1) 

non-cancer controls (n=441) or (2) non-declining survivors (n=147). The predictor sets 

included change scores from baseline to 12 months for the 59 neurocognitive measures 

and three behavioral measures (anxiety, depression, fatigue). Additional analyses examined 

models that included predictor set change scores from baseline to 24 months. The PCI 

baseline scores were included in all models. Approximately 1.4% missing predictors among 

the 59 neurocognitive and three behavioral measures were imputed using nearest neighbor 

imputation.33

We evaluated four machine learning methods with cross-validation: (1) a logistic regression 

model with least absolute shrinkage and selection operator (LASSO),34 (2) a logistic 

regression model with elastic net regulation (Elasticnet),35 (3) a decision tree method using 
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random forest (RF),36 and (4) stochastic gradient boosting machine learning (SGB). 37 

We included backward variable selection model (BVS) without cross-validation (CV) as a 

conventional benchmark.

For cross-validation, instead of splitting the entire data into one training and one 

validation datasets, we created leave-one-out cross validation (LOOCV) sets to evaluate 

the performance of models. For each LOOCV dataset, we used a five-fold cross-validation 

during the model optimization of tuning/penalty parameters for four machine learning 

methods but not for BVS to maximize the area-under-the curve (AUC). We computed 

the empirical means and 95% confidence intervals of the AUC, sensitivity, and specificity 

where Youden’s index (maximum sensitivity + specificity) was used to identify a cut-off, 

respectively. Finally, we graphed the receiver-operating-characteristics (ROC) curves with 

median AUC, sensitivity, and specificity. We summarized rankings of each predictor derived 

from leave-one-out iterations using the frequency of each predictor selected in LASSO. We 

performed all analyses with R version 3.5.1 randomforest and caret packages (R Foundation 

for Statistical Computing).37

Results

There were 435 survivors and 441 non-cancer controls included in this analysis (Figure 1). 

Among survivors, 67% (n=293) did not report cognitive declines and 33% (n=142) exhibited 

decline on the FACT-Cog PCI at 12 months. Among the 142 survivors with 12-month 

cognitive decline, 63% (n=90) completed a 24-month assessment: 33% (n=30) had improved 

cognitive scores and 67% (n=60) survivors continued to exhibit declined scores (i.e., the 

persistent CRCD group), see Figure 2.

The survivors and controls were comparable and were predominantly White (83%), had 

fifteen years of education on average, and had a mean age of 67 (Table 1). The non-declining 

survivor group tended to have higher levels of depression, and the two survivor groups 

exhibited significantly worse anxiety and fatigue symptoms compared to the control group. 

However, there were no significant differences in systemic therapy regimens between 

survivors in the persistent CRCD group and non-declining group; approximately 70% were 

treated with hormonal therapy only in each survivor group.

Machine Learning Classification of Persistent CRCD

We compared performance across the five machine learning approaches while considering 

relative strengths and weaknesses (Supplementary Figures 1, 2 and Supplementary Table 

4). We found that LASSO and Elasticnet performed well and selected variables that 

were consistent with results from two-sample t-tests and yielded coefficients that were 

clinically interpretable and quantifiable. Between LASSO and Elasticnet, LASSO prioritized 

a smaller subset of variables among colinear variables, while preserving similar predictive 

performance. We considered this an important strength among highly intercorrelated 

neurocognitive outcomes, thus we focused on the LASSO findings. Among the less 

favorable results, RF did not show good separation compared to the others and SGB had 

better AUC’s than other approaches but was concerning for over-fitting - yielding on average 
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>50 influential predictors. BVS showed good AUC’s but again was only included as a 

benchmark and not subjected to cross-validation.

Classification separating survivors with persistent CRCD from non-cancer controls yielded 

an area under the curve (AUC) of .74 (LASSO sensitivity=.77; specificity=.63) (Figure 

3A). There was similar separation of survivors with persistent CRCD from non-declining 

survivors (AUC=.74, LASSO sensitivity=.73; specificity=.68) (Figure 3B). The Elasticnet, 

BVS, and SGB analyses had better AUCs than those of LASSO, while RF did not show 

good separation (Supplementary Figures 1, 2 and Supplementary Table 4).

Several variables were consistently informative in classifying persistent self-reported CRCD 

from both comparison groups, including declines in Category Fluency, NAB Digit Span, 

NAB Driving Scenes, components of list learning tasks mainly representing learning 

efficiency, and the TIADL functional task (Table 3). Fatigue was informative in separating 

groups but only in models distinguishing persistent CRCD from controls; depression 

and anxiety did not contribute to separating the groups. Other machine learning variable 

selection approaches such as Elasticnet and BVS yielded similar top-ranked variables, 

including Category Fluency and Driving Scenes, while SGB and RF tended to select 

completion time measures across different tasks (See Supplementary Table 5).

Additional analyses predicting baseline to 24-month change scores show reduced but fair 

AUC, especially in the model comparing persistent CRCD to controls (Supplementary 

Figure 3 and Supplementary Table 6). Similar tests emerged as influential in that model, 

including learning efficiency/accuracy measures and speed and accuracy scores on measures 

of daily functioning.

Discussion

This study is the first that we are aware of to apply machine learning to characterize 

clinically meaningful persistent cognitive declines reported by older breast cancer survivors. 

One-third of older breast cancer survivors reported clinically meaningful cognitive decline 

from pre-systemic therapy to twelve months later, and two-thirds of this group went on to 

exhibit persistent cognitive decline at 24 months. Treatment exposure (i.e., chemotherapy 

with or without hormone therapy or hormone therapy alone) was comparable between 

survivors with self-reported cognitive decline and survivors who did not report decline. 

LASSO models accurately distinguished older breast cancer survivors with persistent 

cognitive decline from non-cancer controls and non-declining survivors on the basis of a 

constellation of small neurocognitive declines from baseline to twelve months. Increased 

fatigue in survivors with persistent cognitive decline contributed to distinguishing survivors 

with persistent declines from controls, but depression and anxiety symptoms did not 

meaningfully contribute to the models. This is notable because there is a common belief 

that self-reported cognitive problems are primarily driven by mood symptoms and our data 

do not support this. It is not surprising that fatigue is associated with cognitive changes to 

some degree, as it has long been known that fatigue affects cognitive performance even in 

non-clinical samples.38 Taken together, these exploratory results suggest that self-reported 
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cognitive problems could signal subtle declines on some neurocognitive tests, and contribute 

to better understanding cancer-related cognitive decline.

Our findings have important clinical considerations for older breast cancer survivors. First, 

similar to other studies of older survivors,39 self-reported cognitive decline was detected 

in a sizable number of older survivors, was not specific to a treatment type, and did not 

resolve for most of those survivors by 24 months. However, other investigations with largely 

younger survivors have found that functional domains including cognition tend to return 

to pre-cancer levels for most by twelve months.31,40–42 One explanation of the different 

age-based findings is that recovery after decline may be less likely in older vs. younger 

breast cancer survivors due to aging and losses in cognitive reserve and compensatory 

mechanisms.

Second, our machine learning approach extends use of these methods in other 

neurocognitive disorders15,16,43 and provides several new insights into cancer-related 

cognitive decline that will require further investigation. LASSO models illustrated that 

self-reported cognitive problems could be related to the cumulative effects of multiple small 

neurocognitive deficits at the test level, and not anxiety or depression. These findings may 

provide insight into why prior studies, often using aggregated domain-level scores, had 

difficulty reconciling subjective and objective cognitive measures.6 Futher, the tests that 

discriminated having persistent CRCD reflected specific areas consistent with cognitive 

aging - learning efficiency, verbal fluency, attention, and task processing speed.44,45 Finally, 

while there was broad overlap in the types of tests identifying CRCD at twelve and 24 

months, by 24 months more daily functioning measures emerged suggesting that the types of 

cognitive difficulties experienced or noticed by older patients with CRCD may evolve over 

time.

With a limited sample size, it is hard to draw reliable and reproducible conclusions when 

the number of predictors is large as in our case. Noting that, we optimized models through 

the five-fold CV and we repeated the model building process using LOOCV to evaluate 

whether the predictors selected in each optimized model in each LOOCV sample is similar. 

BVS yielded relatively higher AUCs compared to LASSO, Elasticnet, and BVS; this is not 

surprising as the five-fold CV within LOOCV samples was not implemented in BVS, thus 

BVS results may pose potential problems of generalization (Supplementary Figures 1, 2, 

and Supplementary Table 4). In the presence of high multicollinearity, others have reported 

that stepwise selection such as forward or backward selections could produce inconsistent 

results if the model did not go through cross-validation, and variance partitioning analyses 

may be unable to identify unique sources of variation.46 We do not describe the results from 

the SGB or random forest in detail because the results in our analysis were concerning for 

over-fitting and they did not provide readily interpretable/explainable results.47

Another potential implication of our results is that a “fine-toothed comb” approach may 

be needed to detect the subtle neurocognitive deficits in CRCD and other related cognitive 

disorders.48–50 This idea is supported by prior studies that have shown an association 

between learning inefficiencies and self-reported memory lapses in cancer survivors only 

after careful scrutiny of memory test performance.51 In fact, some of the influential tests that 
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emerged in our analyses were so-called “process scores” reflecting errors in execution of 

the task rather than achievement, a focus in recent studies of methods identifying preclinical 

Alzheimer’s disease.49

Overall, our results suggest that clinicians look for cognitive symptoms in older cancer 

survivors. With replication, our findings would support screening for self-reported 

cognitive problems and referring survivors with difficulty or declines to specialists for 

neuropsychological evaluation and potential interventions. This suggestion supports the 

use of geriatric assessments done traditionally for treatment decision-making to include 

cognitive screening to guide survivorship care.52,53 There are several short, easy to 

administer self-report instruments in older survivors that are recommended to screen for 

cancer-related cognitive decline during survivorship visits, including the FACT-cog20 PCI 

(18 items) and the PROMIS 8-item measure.5,55 One benefit of “working up” survivors 

with cognitive complaints is that there is growing evidence to support intervention strategies 

such as walking, chair exercise, yoga, and other mindfulness approaches, strategies to 

improve sleep, and cognitive rehabilitation and training.40,55–59 These interventions may 

be especially useful in older survivors with CRCD that also have coexisting age-related 

illnesses like diabetes or cardiovascular disease that diminish organ system and cognitive 

reserve.60

This study applied machine learning to data from a national cohort to provide insights 

into the study and management of cognitive problems. However, several caveats should 

be considered in evaluating our results. First, our sample was highly educated and had 

limited racial/ethnic diversity. It will be critical to extend our results in other settings and 

populations. Next, additional analyses of models using neurocognitive and self-reported 

changes from baseline to 24 months yielded fair but weaker distinguishing power than 

the AUC for decline from baseline to twelve months. However, there was broad overlap 

in the types of neurocognitive tests that were most influential in models of baseline to 

twelve months and baseline to 24 months. Third, while we include a comprehensive set 

of neurocognitive measures, it will be important to replicate our results using an array 

of different tests, including more granular measures (e.g., continuous performance tests) 

that may be more sensitive to the types of subtle declines we observed over multiple 

domains.61,62 Fourth, our results rely on leave-one-out validation sets that may inflate 

machine learning performance since there were no other large datasets of older breast cancer 

survivors available. It will be important to perform external validation using data from 

an independent study as the field grows. Finally, we chose a machine learning approach 

that selected one best fitting variable if there were any sets of highly correlated variables 

(e.g., list-learning trials in a memory test), so variables that are absent in models are not 

necessarily irrelevant.

Overall, our findings suggest that patient-reported CRCD is common in older breast cancer 

survivors, can persist over time, and is reflected in a constellation of subtle neurocognitive 

changes following initiation of adjuvant treatment. While more research is needed to 

continue to characterizing CRCD, clinical attention to patient-reported symptoms in older 

breast cancer survivors is warranted.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: 
Older Women with Non-metastatic Breast Cancer and Frequency-Matched Non-Cancer 

Controls Included in Analyses of Persistent Cognitive Decline.

The numbers of survivors and non-cancer controls are calculated among those who were 

eligible to participate in the study for at least two time points. Eligibility for multiple 

assessments in the study was the same as enrollment eligibility, and included having or 

developing a neurological disease (e.g., stroke, Parkinson’s disease). Characteristics of 

missing data and patterns of missing assessments by survivors and non-cancer control 

groups are summarized in Supplementary Section 1.
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Figure 2: 
FACT-Cog PCI Change Scores by Group over Time

Brackets represent 95% confidence intervals. Persistent CRCD is defined as 3.7+ points 

decline on the FACT-Cog Perceived Cognitive Impairment (PCI) scale from pre-systemic 

therapy baseline to 12 months, with persistence to 24 months.
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Figure 3: 
Receiver Operating Characteristic (ROC) Curves From LASSO Machine Learning Models 

Classifying Persistent CRCD Using Baseline to 12-Month Change Scores.

A=Persistent CRCD (N=60) vs. Non-cancer controls (n=441); B=Persistent CRCD vs. Non-

declining survivors (n=147).

The area under the ROC curve (AUC) and its 95% confidence interval (CI), sensitivity and 

its 95% CI, specificity and its 95% CI are presented. Rectangular 95% confidence regions 

for the ROC curve are partially displayed.

Persistent CRCD is defined as 3.7+ points decline on the FACT-Cog Perceived Cognitive 

Impairment (PCI) scale from pre-systemic therapy baseline to 12 months, with persistence to 

24 months.
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Table 1.

Demographic and Clinical Pre-systemic Therapy/Enrollment Characteristics of Older Women with Non-

metastatic Breast Cancer by 24-month Cognitive Status and Frequency-Matched Non-Cancer Controls

Breast Cancer Survivors Controls

Persistent CRCD
1
 (n=60) Non-Declining Survivors

1 

(n=147)
Non-cancer Controls 

(n=441) p value
2

Sociodemographic factors

Mean (SD) or percent (n)

Mean age, years (SD), range 67.8 (5.2), 60–84 years 67.7 (6.1), 60–98 years 67.7 (6.5), 60–90 years 0.992

Race, % (n) 0.375

 White 88.3 (53) 80.3 (118) 83.0 (365)

 Nonwhite 11.7 (7) 19.7 (29) 17.0 (75)

Marital status, % (n) 0.001

 Married 68.3 (41) 66.0 (97) 51.5 (227)

 Widowed, divorced, single 31.7 (19) 34.0 (50) 48.5 (214)

Mean education, years (SD) 15.8 (2.0) 15.8 (2.1) 15.7 (2.2) 0.843

Clinical factors

 Treatment 0.847

 Chemotherapy +/− hormonal therapy 28.6 (16) 27.2 (37) -

Hormonal therapy only 71.4 (40) 72.8 (99) -

 AJCC v. 6 Stage, % (n) 0.529

 0 6.7 (4) 10.9 (16) -

 I 70.0 (42) 63.3 (93) -

 II 16.7 (10) 21.8 (32) -

III 6.7 (4) 4.1 (6) -

Surgery type, % (n) 0.319

 BCS with/without RT 68.3 (41) 61.0 (89) -

 Mastectomy 31.7 (19) 39.0 (57) -

ER status, % (n) 0.202

 Positive 83.3 (50) 89.7 (131) -

 Negative 16.7 (10) 10.3 (15) -

 HER2 status, % (n) 0.810

 Positive 7.0 (4) 8.0 (11) -

 Negative 93.0 (53) 92.0 (126) -

Depression (≥ 16 on CES-D), % (n) 5.0 (3) 11.2 (16) 5.5 (24) 0.053

 Mean STAI
3
 score (SD) 27.7 (6.5) 28.5 (7.7) 26.8 (5.7) 0.024

 Mean FACT-F
4
 score (SD)

43.9 (6.2) 44.0 (7.7) 46.2 (6.1)
<.001

1
Persistent CRCD is defined as 3.7+ points decline on the FACT-Cog Perceived Cognitive Impairment (PCI) scale from pre-systemic therapy 

baseline to 12 months, with persistence to 24-months
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2
p-values reflect overall comparisons among groups

3
State-Trait Anxiety Inventory scores range from 20 to 80; higher scores reflecting more anxiety.

4
FACT-Fatigue Subscale scores range from 0 to 52; higher scores reflect less fatigue.

BCS=Breast Conserving Surgery; ER=Estrogen Receptor; CES-D=Center for Epidemiologic Studies Depression Scale; STAI = State Trait Anxiety 
Inventory, state version; FACT-F = Functional Assessment of Cancer Therapy – Fatigue Subscale; SD=standard deviation; CRCD=cancer-related 
cognitive decline
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